In the last decades, there has been a widespread implementation of Green Infrastructures worldwide. Among these, green roofs appear to be particularly flexible sustainable drainage facilities. To predict their effectiveness for planning purposes, a tool is required that provides information as a function of local meteorological variables. Thus, a relatively simple daily scale, one-dimensional water balance approach has been proposed. The crucial evapotranspiration process, usually considered as a water balance dependent variable, is replaced here by empirical relationships providing an a-priori assessment of soil water losses through actual evapotranspiration. The modelling scheme, which under some simplification can be used without a calibration process, has been applied to experimental runoff data monitored at a green roof located near Bernkastel (Germany), between April 2005 and December 2006. Two different empirical relationships have been used to model actual evapotranspiration, considering a water availability limited and an energy limited scheme. Model errors quantification, ranging from 2% to 40% on the long-term scale and from 1% to 36% at the event scale, appear strongly related to the particularly considered relationship.
Introduction
In the last decades, there has been widespread implementation of Green Infrastructures (GIs) worldwide [1, 2] . GIs retain, treat and reduce stormwater, contributing to runoff management, flood mitigation, landslide prevention, air quality management, and further mitigate the warming effects related to climate change and urban heat islands. In highly urbanized catchments, the use of GIs is limited by the available soil surface area. Green roofs (GRs), within the much wider context of GI, could represent a flexible solution to this problem [3] . Built at relative low costs on rooftops, extensive GRs remove a large fraction of impervious surfaces from the urban hydrological cycle, thereby providing the mentioned benefits [4] [5] [6] [7] [8] [9] .
The stormwater response of a green roof is highly impacted by the green roof structure itself and, to a larger extent, by the climate conditions, making generalization of the GR hydrological performance a very difficult task [10] . Various scientific contributions, proposed in the recent past, comment indeed on an extremely variable level of rainwater reduction. Green roofs appear to reduce total yearly runoff volume by 40% to 90%, with an important seasonal fluctuation. The peak flow rate can be even more attenuated, i.e., by 20% to 90% [11] [12] [13] [14] . The GR hydrological behaviour is modelled by soil water balance approaches. Conceptual or more physically based, oriented to the event or to the the continuous time scale, suitable for single building or catchment scale, a broad range of models have been proposed by numerous authors [15] [16] [17] [18] [19] [20] . Their implementation generally requires a high number of input parameters related to the soil hydraulic properties including textural class of the soil, residual soil water content, saturated soil water content, saturated hydraulic conductivity, or related to the water flow boundary condition, and the initial condition in terms of the pressure head or the water content [13, 21] . Additional complexity is related to one of the main processes to be modelled in a GR soil water balance, the evapotranspiration loss. Evapotranspiration continuously restores the retention capacity of a storage system, because it directly acts on its moisture content, and thus on its ability to retain water after rainfall events. Actual evapotranspiration is generally evaluated starting with the potential rate, weighted by a coefficient computed in different ways, e.g., the ratio of actual moisture content to the field capacity of the substrate [17] , a function of the hygroscopic saturation, the average saturation over the root zone and the soil water content at stomatal closure [16] . Model implementation to predict the effectiveness of a planned green-roof installation in a particular area is mostly complex, due to the above-mentioned required data and parameters of the hydraulic system to be simulated, which are usually not readily available without laboratory or field experiments.
The objective of this paper is twofold. Firstly, a conceptual model approach is proposed as an answer to mentioned modelling limitations, as it essentially requires only few basic input parameters and weather data recorded by inexpensive monitoring installations in the area of interest. Although simple, the GR runoff production is simulated by a surface balance between input and output meteorological fluxes, that are rainfall and actual evapotranspiration (AET). No calibration is needed. The actual evapotranspiration loss process is considered as a climate forcing variable, in the same way as precipitation, for which an a-priori assessment can be provided. Secondly, the efficiency of empirical relationships for AET estimation is tested. Actual evapotranspiration fluxes are strongly driven by water availability (water availability limited systems) on one hand and soil water abstraction atmosphere power (energy limited systems) on the other. For each approach, an empirical model had been applied and their quality evaluated through comparison between observed and modelled runoff.
Materials and Methods

The Experimental Data
The studied green roof is located near Bernkastel-Kues, Rhineland-Palatinate, Germany (Figure 1 ) at Longitude 7.075903415679932, Latitude 49.9197855721214 and Altitude 145 m with typically oceanic climate, featured by warm summers and cool winters. Average precipitation is about 700-800 mm/year and it is approximately uniformly distributed during the year. Temperature exhibits instead a typical seasonal pattern, with highest monthly mean values during the summer season of about 18 °C (Figure 2 ). Patterns of average monthly rainfall and air temperature observed for the location of Bernkastel-Kues in Rhineland-Palatinate, Germany [22] .
Meteorological data such as wind speed, air temperature, relative humidity, global radiation and atmospheric pressure have been collected at the nearest available meteorological station, Bernkastel [22] , whereas precipitation has been recorded at the GR site. The roof is of extensive type, it has a surface of 22 m 2 , a depth of approximately 15 cm and a slope less than 5°. It is composed of three layers: the vegetation layer, the growing medium and a water storage/protective layer ( Figure 1 ). The vegetation layer is made of sedum and spontaneous vegetation, the growing medium is a mineral substrate and the water storage/protective layer is a retention Hydrotex membrane. Runoff measurements have been recorded, with a daily time step, from March 2004 to May 2007, but some missing data appear during the monitoring period, preventing the total period of observation to be used for modelling purposes. Additionally, no significant runoff has occurred, due to freezing of the water, between late December and late March. For this reason, the winter period has not been considered in the simulation approach.
The Conceptual Model
The approach used in this paper to quantify GR runoff production is based on a water balance conceptual model, consistent with the saturation excess runoff process, as the dominant mechanism [23] . When rainfall reaches the green roof surface, it is partially intercepted by the vegetation and partly infiltrates into the substrate and storage layer, where it is retained. Rainfall volume exceeding the storage capacity is routed downstream. During non-rainy periods, evapotranspiration restores the water retention capacity. The daily scale governing equations for the production of runoff are:
where "t" is the daily time index, V is depth of water in the green roof, P the total observed precipitation, AET the actual evapotranspiration, R the runoff and Wmax is the maximum water holding depth. In order to develop a tool for green roof planning simply based on climate variables, the proposed model is marked by some simplifications. As will be shown later in the Appendix A section, it is possible to assume that the maximum water holding depth on day "t" is related to the water depth on day "t − 1" as follows:
Thus, the runoff production Equation (1) can be rewritten as: Figure 2 . Patterns of average monthly rainfall and air temperature observed for the location of Bernkastel-Kues in Rhineland-Palatinate, Germany [22] .
Meteorological data such as wind speed, air temperature, relative humidity, global radiation and atmospheric pressure have been collected at the nearest available meteorological station, Bernkastel [22] , whereas precipitation has been recorded at the GR site. The roof is of extensive type, it has a surface of 22 m 2 , a depth of approximately 15 cm and a slope less than 5 • . It is composed of three layers: the vegetation layer, the growing medium and a water storage/protective layer ( Figure 1 ). The vegetation layer is made of sedum and spontaneous vegetation, the growing medium is a mineral substrate and the water storage/protective layer is a retention Hydrotex membrane. Runoff measurements have been recorded, with a daily time step, from March 2004 to May 2007, but some missing data appear during the monitoring period, preventing the total period of observation to be used for modelling purposes. Additionally, no significant runoff has occurred, due to freezing of the water, between late December and late March. For this reason, the winter period has not been considered in the simulation approach.
where "t" is the daily time index, V is depth of water in the green roof, P the total observed precipitation, AET the actual evapotranspiration, R the runoff and W max is the maximum water holding depth. In order to develop a tool for green roof planning simply based on climate variables, the proposed model is marked by some simplifications. As will be shown later in the Appendix A section, it is possible to assume that the maximum water holding depth on day "t" is related to the water depth on day "t − 1" as follows:
Thus, the runoff production Equation (1) can be rewritten as:
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The runoff production can then be modelled at daily time steps as the result of a surface water balance between input and output fluxes. AET is simulated with the use of indirect methods (empirical relationships) and thus the choice of the particular AET approach would be crucial for model uncertainty. To further consider the ability of the evapotranspiration process to restore the green roof water retention capacity during prolonged dry periods [17] , a cumulative soil water balance index over the previous four days is considered:
If the index produces a negative value on the day "t", the GR retention capacity is assumed to be completely restored. No runoff will be produced on that day, if its actual rainfall does not exceed the GR retention capacity. The four-day interval in Equation (4) has been calibrated on the basis of available monitoring data about dry periods, which represent a negligible set of occurrences (about 3% of total cases), perhaps due to the particular uniform precipitation regime of the studied area. Equation (4) has been applied regardless of the relationship used for actual evapotranspiration modelling.
The simplified proposed approach for daily scale GR hydrological production described by Equation (3) does not require an explicit calibration process as predicted GR response to rainfall is computed as the difference between observed precipitation and modelled actual evapotranspiration. However, the model requires an initial value for the depth of water V, which is assumed to correspond to the Antecedent Precipitation Index value, considered as a proxy of soil moisture conditions. (API [24] ). The same index would be used, as later illustrated, to compute AET losses.
Modelling A-Priori Actual Evapotranspiration (AET)
In contrast to most common frameworks, in the proposed approach evapotranspiration losses are modelled a-priori, as a function of meteorological parameters, independently of explicit moisture content. Actual evapotranspiration fluxes are strongly driven by water availability (water availability limited systems) on one hand and soil water abstraction atmosphere power (energy limited systems) on the other. The proportion by which the two factors contribute to the evapotranspiration and probably also the period of the year, when one factor prevails over the other, are linked to the average climate regime of the area under examination [25] . Following this concept, a water availability limited and an energy limited scheme have been investigated. Those are the API model [24] and the Advection-Aridity (AA) model [26] respectively, both belonging to the category of models based on complementary relationship (CR) [17] . Considered AET models require previous calculation of Priestley-Taylor [27] PET potential evapotranspiration flux:
where ∆ is the slope of the saturation vapor pressure-temperature curve (kPa· • C −1 ), given by the formula:
and T mean is the average temperature between maximum and minimum values during the day ( • C), γ is the psychrometric constant (kPa· • C −1 ), λ is latent heat of vaporization (MJ·kg −1 ), Rn is the net radiation (MJ·m −2 ·day −1 ), G is the soil heat-flux density at the soil surface (MJ·m −2 ·day −1 ), considered to be negligible on a daily time scale [28] . The API model [24, 29] predicts AET rates modifying the PET Priestley-Taylor equation through a coefficient "α" related to the antecedent precipitation index API [30] :
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where the dimensionless coefficient, α, is expressed as:
if API > 20 mm →→ α = 1.26 (9) assuming that for over saturated systems (API > 20 mm) AET rates are no longer dependent on soil water content but they are a constant percentage of PET [29] . The Advection-Aridity model [27] calculates AET from PET predicted by coupled Priestley-Taylor and Penman equations, according to the formula [29] :
where:
u 2 is the wind speed (ms −1 ), e s is the saturation vapor pressure (kPa), and e a is the vapor pressure (kPa), ∆, γ, R n and G previously described and α is the advection correction coefficient from the Priestley-Taylor model equation. In the following a-priori AET assessment approach, focus has been given to the uncertainty in the chosen AET formulation that would propagate through the modelled system.
Results
Provided data continuity and reliability, the period chosen for the simulations ranges from April 2005 to December 2006. In the following, seasonal scale and event scale analyses have been performed. The seasonal scale analysis refers to three different periods: spring from April to June, summer from July to September and autumn from September to December. As previously mentioned, the winter season has not been considered in the current analysis.
AET Assessment
As previously introduced, the API model and the Advection-Aridity model for a-priori assessment of actual evapotranspiration have been applied here. These are considered respectively as the two main controls on actual evapotranspiration fluxes, which are the water availability, described by the API index, and the soil water abstraction atmospheric power. Main meteorological variables used for AET assessment are illustrated in Figure 3 .
Along with daily observation data, the API index is also plotted [30] . The API represents the antecedent moisture content prior to a rainfall event, computed as a weighted summation of daily precipitation depths as follows
where API t is the antecedent precipitation index computed on day t, C the storm hydrograph recession coefficient and P t the precipitation of day t. AET estimations have been reported in Table 1 and also as monthly patterns in Figure 4 for the full period of observation. Regardless of the methods, the AET is featured by a sinusoidal pattern, with the maximum and minimum values occurring during the summer and autumn period, respectively (Figure 4) . The AA method systematically predicts large AET amounts compared to the API model during the year 2005. For the total annual amounts, the difference is about 20% with a maximum value of about 76% for the autumn period during the year 2005 (Table 1) . During the year 2006, the relative relation between the AA and the API method changes, in that the AA method predicts smaller AET amounts, comparable to the API method predictions (the difference is about 2% over the total period), with the exception of the autumn season, where AET AA overestimates AET API of about 40%. 
The GR Model Performances
Equation (3) has been applied to compute runoff for the observed period. In order to quantitatively measure the ability of the model to fit the available data, three goodness-of-fit (GOF) indices are calculated. These indices summarize the discrepancy between the cumulated measured runoff and the cumulated simulated values obtained by the conceptual water balance. The indices 
Equation (3) has been applied to compute runoff for the observed period. In order to quantitatively measure the ability of the model to fit the available data, three goodness-of-fit (GOF) indices are calculated. These indices summarize the discrepancy between the cumulated measured runoff and the cumulated simulated values obtained by the conceptual water balance. The indices Figure 4 . Patterns of 15 day-moving average for observed net radiation and modelled actual and potential evapotranspiration PET at the experimental site. The actual evapotranspiration AET has been computed on a daily basis using API and AA models. 
Equation (3) has been applied to compute runoff for the observed period. In order to quantitatively measure the ability of the model to fit the available data, three goodness-of-fit (GOF) indices are Water 2017, 9, 72 7 of 13 calculated. These indices summarize the discrepancy between the cumulated measured runoff and the cumulated simulated values obtained by the conceptual water balance. The indices are the root-mean-square errors (RMSEs), the averages of absolute percentage errors (AAPEs), the relative percentage errors (RPEs), estimated as follows:
where "n" is the number of points of discontinuity of the cumulated runoff distribution (occurrences of runoff events) where the fit is valuated, R mod is the modelled runoff and R obs the observed runoff. RMSE and AAPE are used for the seasonal scale assessment whilst RPEs is used for the event scale assessment ( Figures 5 and 6 ).
Regarding the analysis on a seasonal basis, the indices RMSE and AAPE have been compared to the total amount of runoff during the considered period. In particular for the API model, AAPE indices for the total period show moderate average errors ranging between 8% in 2005 ( Table 2 ) and 12% in 2006 (Table 3) . are the root-mean-square errors (RMSEs), the averages of absolute percentage errors (AAPEs), the relative percentage errors (RPEs), estimated as follows:
RPEs R , R , R , ⋅ 100 (15) where "n" is the number of points of discontinuity of the cumulated runoff distribution (occurrences of runoff events) where the fit is valuated, Rmod is the modelled runoff and Robs the observed runoff. RMSE and AAPE are used for the seasonal scale assessment whilst RPEs is used for the event scale assessment ( Figures 5 and 6 ).
Regarding the analysis on a seasonal basis, the indices RMSE and AAPE have been compared to the total amount of runoff during the considered period. In particular for the API model, AAPE indices for the total period show moderate average errors ranging between 8% in 2005 ( Table 2 ) and 12% in 2006 (Table 3) . Good performances are predicted also on the seasonal base, where underestimation generally occurs during the summer period (10%-12%), and overestimation occurs during the remaining period (2%-17%). Seasonal summer underestimation probably occurs in response to enhanced modelled AET losses (without calibration) caused by large API values approached during this period (rainy period). Similarly, RMSE values indicate satisfactorily performances, ranging between about 1% and 3%, when compared to total observed runoff. The AA model shows instead higher errors than the API model. AAPE indices for the total period show average errors ranging between 118% in 2005 ( Table 2 ) and 19% in 2006 (Table 3) . Worst performances are predicted also on the seasonal base, where the tendency for over and underestimation in particular periods is no longer clear, AAPE ranges from 17% to 135% and RMSE, compared to total observed runoff, ranges from 1% to 14%. Good performances are predicted also on the seasonal base, where underestimation generally occurs during the summer period (10%-12%), and overestimation occurs during the remaining period (2%-17%). Seasonal summer underestimation probably occurs in response to enhanced modelled AET losses (without calibration) caused by large API values approached during this period (rainy period). Similarly, RMSE values indicate satisfactorily performances, ranging between about 1% and 3%, when compared to total observed runoff. The AA model shows instead higher errors than the API model. AAPE indices for the total period show average errors ranging between 118% in 2005 ( Table 2) and 19% in 2006 (Table 3) . Worst performances are predicted also on the seasonal base, where the tendency for over and underestimation in particular periods is no longer clear, AAPE ranges from 17% to 135% and RMSE, compared to total observed runoff, ranges from 1% to 14%. Table 2 . Model performance for the year 2005 on a seasonal basis (AET API and AET AA estimates). The used goodness-of-fit indices are the root-mean-square errors (RMSEs), the root-mean-square errors (RMSE/R obs ) weighted for average value, the averages of absolute percentage errors (AAPEs). Furthermore, an event scale analysis is performed, for which the RPEs is used as the goodness-of-fit measure. Tables 4 and 5 show, that for the two years of simulation, for the API Model the absolute maximum value for RPEs is about 30%, while for the AA Method the runoff underestimations approach errors of about 300%. In particular, according to the API model, runoff overestimation (max 36% on 20 April 2005) generally occurs during the warmer period of the simulation, i.e., the spring and summer seasons, whereas underestimation (max 24% on 24 November 2006) generally occurs in late summer and autumn seasons. In the case of the AA model, the hydrological scheme tends to consistently underestimate runoff during the total period, with errors ranging from 9% to 300%. 
Discussion and Conclusions
A relative simple mono-dimensional approach is presented to predict the hydrological behavior of a green roof. The model is based on meteorological variables only. With some simplifications, it requires no parameter calibration. Through the use of empirical relationships, an a-priori assessment for actual evapotranspiration losses could be included, which proved the model to be an effective tool for green infrastructures efficiency planning.
However, the choice of that particular empirical relationship appeared to be crucial. If actual evapotranspiration losses are modelled with the use of a water availability limited scheme, errors appeared negligible (about 2%) and significant (about 40%) in the case an energy limited scheme is considered instead.
Environmental, climate and physical factors of the experimental site might have affected the simulation results. Applications to different case studies could further validate the potential of the proposed approach and, in particular, the better performances of the API model over the AA model. The water depth temporal pattern and the near coincidence between it and a dimensionless variable water holding capacity are discussed in the Appendix A section. They lead to the conclusion that the most probable mechanism for runoff production is the saturation excess mechanisms and that actual evapotranspiration losses in those systems are dominated by soil water availability [23] .
The proposed framework has clearly some limitations that are discussed below. However, they are also the strength points of the proposal and make the approach suitable for planning sustainable urban drainage systems.
The first limitation is represented by the disconnection between the actual evapotranspiration losses and the soil moisture content, generally assumed as the hydrological model state variable, driving the rainfall-runoff transformation. Even though this represents a stretch on a physical processes base, comparisons between observed and modelled runoff indicate broad margins to consider the usefulness of empirical relationships into green infrastructure modelling, as commonly done in traditional catchment hydrology studies. In case of application to ungauged sites, one of the main objectives of the proposal, the choice of the empirical relationship would probably matter.
A second limitation is represented by the fact that, excluding the water depth stored into the green roof permeable layers from the water balance, does not enable the proposed model to explore the role of the particular green roof settings on green roof runoff control performances. Green roof constructions tend, however, to adapt to some commercial standards and the proposed scheme would still represent a valid methodology to be applied to the range of vegetated roof having similar characteristics.
Illustrated advantages and disadvantages outline a straightforward approach to investigate the effectiveness of planning variants for sustainable urban drainage systems to control runoff in urban areas. The model may also be used to predict the impact of climate conditions on such systems and also to explore their role in a future urban scale hydrological cycle, under potential climate variability scenarios.
Besides recorded P and modelled AET processes, to model runoff (R mod ), a value for the maximum water holding capacity W max has also to be provided, as a threshold beyond that runoff is generated. Physically considered as the amount of water stored between permanent wilting point and field capacity, the maximum water holding capacity W max would depend on substrate layer material and depth and would then represent a constant physical threshold. However, the constant physical limit would be relatively important, if runoff is considered before the actual capacity is reached, due to soil heterogeneity. Also, vegetation provides some additional moisture storage capacity [19] . Thus, W max more likely represents a process rather than a physical property. If Equation (13) is reversed, a calculation for W max could be obtained:
Assuming further that for each day t, the modelled runoff (R mod ) is equal to the observed one (R obs ), a calibrated daily time series for W max,t can be obtained:
Plots for V t−1 and W max,t are provided in Figure A1 , as a ratio of the green roof depth. Illustration refers to AET computed by the API method, but similar results are achieved for the AA method.
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Besides recorded P and modelled AET processes, to model runoff (Rmod), a value for the maximum water holding capacity Wmax has also to be provided, as a threshold beyond that runoff is generated. Physically considered as the amount of water stored between permanent wilting point and field capacity, the maximum water holding capacity Wmax would depend on substrate layer material and depth and would then represent a constant physical threshold. However, the constant physical limit would be relatively important, if runoff is considered before the actual capacity is reached, due to soil heterogeneity. Also, vegetation provides some additional moisture storage capacity [19] . Thus, Wmax more likely represents a process rather than a physical property. If Equation (13) is reversed, a calculation for Wmax could be obtained:
Assuming further that for each day t, the modelled runoff (Rmod) is equal to the observed one (Robs), a calibrated daily time series for Wmax,t can be obtained:
Plots for Vt−1 and Wmax,t are provided in Figure A1 , as a ratio of the green roof depth. Illustration refers to AET computed by the API method, but similar results are achieved for the AA method. Considering the above discussed soil physical properties and also probably to balance the apriori calculation for AET losses, Wmax becomes a variable for the GR hydrological model itself. Its temporal pattern is nearly coincidental with the water depth pattern. Retention capacities approach a maximum value of about 55% during the rainy and cold seasons. They decline to about 10% during a short summer period, where the typical large amount of rainfall (high API values in Figure 3 ) is contrasted by high evapotranspiration losses. In 2006, the retention capacity appears moderate also for the autumn season because of enhanced evapotranspiration losses compared to the same period of the previous year ( Figure 4 and Table 1 ). Beyond the visual patterns coincidence, the coefficient of Figure A1 . Water depth (V) and water holding capacity (W) daily scale patterns as a ratio to soil depth. Actual evapotranspiration losses are computed by the API Method. Overlapped, in the upper right corner, the scatter plot for the two considered variables and the relevant Person correlation coefficient.
Considering the above discussed soil physical properties and also probably to balance the a-priori calculation for AET losses, W max becomes a variable for the GR hydrological model itself. Its temporal pattern is nearly coincidental with the water depth pattern. Retention capacities approach a maximum value of about 55% during the rainy and cold seasons. They decline to about 10% during a short summer period, where the typical large amount of rainfall (high API values in Figure 3 ) is contrasted by high evapotranspiration losses. In 2006, the retention capacity appears moderate also for the autumn season because of enhanced evapotranspiration losses compared to the same period of the previous year ( Figure 4 and Table 1 ). Beyond the visual patterns coincidence, the coefficient of correlation between W max,t and V t−1 is extremely high (R 2 = 0.97). Thus, it can be reasonably assumed that:
Equation (13) becomes in the end:
R t,mod = V t − 1 + P t − AET t − W max,t ≈ V t − 1 + P t − AET t − V t − 1 = P t − AET t (A5)
